Abstract
Introduction
Cerebrovascular diseases are common causes of morbidity and mortality in the adult population worldwide [1] [2] [3] . Most cerebrovascular diseases are found during routine brain imaging with CT or MRI, however 2D-DSA remains the gold standard for their accurate angiographic evaluation and characterization, in particular for arteriovenous malformations 4 , cerebral aneurysms 5, 6 and dural arteriovenous fistulas 7 . Additional 3D rotational angiography (3D-DSA) is used to improve the visualization and spatial understanding of vascular structures during the diagnostic work-up of these conditions.
Currently, with many angiographic systems, obtaining a 3D-DSA still requires two rotational acquisitions; one without injection of contrast (mask run) and one during injection of contrast (fill run). These two datasets are used to compute log-subtracted projections which are then used to reconstruct a subtracted 3D-DSA volume 8, 9 .
Machine learning is a discipline within computer science, closely related to statistics and mathematical optimization, that aims to learn patterns directly from a large set of examples that demonstrate a desired outcome or behavior without the need of explicit instructions 10 . In the context of medical imaging, machine learning methods have been investigated since early 1990s, initially for computed aided detection and diagnosis in mammography and pulmonary embolism [11] [12] [13] [14] , however recent advances in deep learning 15 (i.e. a specific machine learning technique) have demonstrated unprecedented performance in many applications, including detections of diabetic retinopathy 16 , breast cancer 17, 18 , quantitative analysis of brain tumors in MRI 19, 20 , computed-aided detection of cerebral aneurysms in MR angiography 21 and computer aided detection and classification of thoracic diseases 22, 23 .
With recent advances in deep learning and the universal approximation properties of feedforward neural networks 24, 25 , it is hypothesized that a deep neural network is capable of computing cerebral angiograms with only the vascular information contained in the fill scan of a 3D-DSA exam acquired with a C-arm cone beam CT system. If possible, potential benefits of eliminating the mask scan include 1) reduction of intersweep patient motion artifacts caused by the mis-registration of the mask and fill scans and 2) radiation dose reduction by at least a factor of 2.
The purpose of this work was to develop and test the capability of a deep learning angiography (DLA) method, based on convolutional neural networks (CNN), to generate subtracted 3D cerebral angiograms from a single contrast-enhanced exam without the need for a mask acquisition.
Methods
In the following sections, the patient inclusion criteria and image acquisition protocols are first presented, followed by a description of the datasets and methods used to train the DLA model. Finally, the image analysis and statistical analysis are described. The overall study schema is shown in Figure 1 .
Patient Cohort
All studies were HIPAA compliant and done under an Institutionally Review Board approved protocol. Clinically indicated rotational angiography exams for the assessment of cerebrovascular abnormalities of 105 patients, scanned from August 2014 through April 2016 were retrospectively collected. Cases were selected in a random fashion to reduce the potential bias in patient selection. It was thought that the randomized selection over this period would result in a data set that was representative of the varieties of conditions that are referred for angiographic studies.
Imaging Acquisition and Reconstruction
All subjects were imaged with a standard 3D-DSA data acquisition protocol using a Carm cone beam CT system (Axiom Artis zee; Siemens Healthineers 26, 27 .
Training Dataset
A training dataset consisting of 13790 axial images from 35 patients with over 150 million labeled voxels was generated using the information from both the cone beam CT 
Validation and Testing Datasets
A validation dataset and a testing dataset were created using the remaining image volumes from 70 subjects divided into 8 exams for the validation dataset and 62 exams for the testing dataset. These datasets were created with the same procedure used to generate the training dataset, however the tissue labels were constrained to a region To account for class imbalance, each tissue class had equal probability of being included in a single batch (i.e. data re-sampling) 29 . The learning rate was initially set to be 1x10 -3 with momentum of 0.9. The learning rate was reduced to 1x10 -4 and 1x10 -5 after 1 and 1.5 epochs respectively. The validation dataset was used only to monitor the convergence and generalization error during model training. Early stopping was used when the validation error reached a plateau at 2x10 5 iterations.
Statistical Analysis
The trained DLA model was applied for the task of tissue classification in the, validation and testing cohorts consisting of image volumes from 8 and 62 subjects respectively.
The final vasculature tissue class was used to generate the 3D-DLA images. To quantify the generalization error of the trained model, vasculature classification was evaluated for each labeled voxel in the reference standard for the validation and testing datasets. Two-by-two tables were generated for each patient and accuracy, sensitivity (also known as recall), positive predictive value (also known as precision) and dice similarity coefficients (also known as F1-score) were calculated. The 95% CIs for each performance metric were also reported. Finally, the clinical 3D-DSA and the 3D-DLA images were subject to a qualitative assessment for the presence of inter-sweep motion artifacts and results were expressed as frequencies and percentages.
Results
Contrast-enhanced image volumes from 105 subjects (age 53.3 ± 13.5 years) who underwent clinically indicated rotational angiography exams for the assessment of cerebrovascular abnormalities were used in the study. Contrast medium was injected via the proximal ICA in 89 patients (85%) and injected via the VA in 16 patients (15%). No residual signal from osseous structures was observed for all testing cases generated using 3D-DLA except for small regions in the otic capsule and nasal cavity compared to 37% (23/62) of the 3D-DSA cases that presented residual bone artifacts. In the context of medical imaging, machine learning methods have been investigated since early 1990s [11] [12] [13] [14] , however the recent unprecedented performance of deep learning, has made major advances in solving very difficult problems in science, that were thought to be intractable when approached by other means 34, 35 . In addition to clever mathematical techniques and availability of large annotated datasets, many presence. This situation, in addition to the high x-ray attenuation and proximity to vasculature of metallic implants could result in their imitation in the final DLA images.
The presence of high attenuating object (e.g. metal or Onyx) is also known to be an intrinsic limitation of mask-free angiography (vendors who provide a method to obtain 3D-DSAs without mask also offer the ability to perform a mask and fill acquisition in situations where metal objects are known to be present) and its clinical implications need to be addressed with an expert reader study.
Conclusions
A DLA method based in CNNs that generates 3D cerebral angiograms from a contrast enhanced C-arm cone beam CT without mask data acquisition was developed. Results indicate that the proposed method can successfully reduce mis-registration artifacts induced by inter-sweep patient motion and, by eliminating the need for a mask acquisition, reduces radiation dose in future clinical 3D angiography. 
